A R T I C L E I N F O
Introduction
Advances in next generation sequencing technologies over the past 15 years has led to an explosion of molecular information about the human transcriptome that previously was not possible to observe [1, 2] . In particular, RNA sequencing (RNA-seq) has led to the discovery that the bulk of transcription in our cells is dedicated to producing RNAs that do not produce protein products [3, 4] . The sheer abundance of non-coding RNAs and their identification by RNA-seq has largely outpaced their functional and biochemical characterisation. As the transcriptome is very dynamic and changes in normal versus disease states, non-coding RNAs have come into focus as potential disease modifiers and could be exploited as biomarkers and/or therapeutic targets [5] [6] [7] . There are many kinds of non-coding RNAs in human cells, including microRNAs (miRs) [8] PIWI-associated RNAs (piRNAs) [9] and circular RNAs (circRNAs) [10] . Another abundant group are the long, non-coding RNAs (lncRNAs) -defined as greater than 200 nucleotides and often resembling protein-coding messenger RNA (mRNA) [11] . With thousands of estimated lncRNAs in human cells [12] , we are specifically interested in understanding how lncRNAs are altered and contribute to cancer, along with discovering their normal physiological roles.
Breast cancer remains the leading cause of cancer-related deaths among women worldwide, with incidence rates increasing globally (World Health Organization). Within the past ten years, numerous studies have implicated the mis-regulation of lncRNAs to breast cancer development and progression [13] [14] [15] [16] [17] . To begin to understand which lncRNAs are specifically be linked to breast cancer, it is important to examine their expression profiles in various cell lines, and ultimately, in patient samples. This information will become the basis for further investigations into the cellular context and processes that could be affected by altered lncRNA expression.
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Materials and methods

RNA sequencing dataset
Prior to our study, permission to access the RNA-seq data in Klijn et al. (2015) was requested from the Genentech Data Access Committee (DAC). Consent was granted to make use of the data generated by Genentech/Genentech Research and Early Development to specifically examine lncRNAs. Data was retrieved from the EMBL-European Genome-Phenome Archive (EGA) servers under EGAD00001000725.
Selection of breast cancer cell lines
Using the Klijn et al. dataset as a starting point, breast cancer cell line RNA-seq data files were identified using the metadata file provided EGA [33] . This resulted in 68 breast cancer cell lines. Subsequently 18 lines were selected for our analyses based on their molecular classification namely, normal-like (MCF10A), ductal carcinoma in situ (MCF10DCIS.com) [39] , 
Bioinformatics methodology to identify lncRNAs in RNA-seq datasets
Each cell line consisted of two RNA-seq data files encrypted in a zipped Fastq format, with a forward read and a reverse read. The forward reads were selected for the purpose of this project. Once downloaded, the RNA-seq data was then decrypted and unzipped into Fastq format. Download and decryption of the RNA-seq data was done via the Java shell provided by the EGA (EGA Download Client v2). The quality of the RNA-seq data was then rechecked with FastQC. The RNA-seq data was then aligned to the latest human genome reference sequence, GRCh38, as provided by the National Center for Biotechnology Information (NCBI), using Spliced Transcripts Alignment to a Reference (STAR) [42] . The reference genome annotation file was used for GRCh38 with the command "-t *lnc_RNA" to select for lncRNA. Next, HTSeq was used to perform read counts [43] . The counts for each cancer cell line were then compiled into a data frame using Excel and imported into R Studio for statistical analyses. The package DESeq2 [44] was then used to carry out statistical analysis of differential lncRNA expression between the breast cancer cell lines based on their molecular subtypes indicated above. Principal component analysis was used to review the distribution of differential lncRNA expression among the molecular sub-type groups, i.e. normal-like, DCIS, luminal A, luminal B, HER2-positive, basal A and basal B. Other packages utilised were pheatmap [45] and EnhancedVolcano [46] . We chose to trim our results by eliminating non-significant results by setting an adjusted pvalue of 0.01. The resulting subsets of lncRNAs were then arranged from lowest to highest log2 fold change and represented the most downregulated and the most upregulated lncRNA respectively for each cell line.
Expression of lncRNAs in breast tumour samples and patient survival analyses
Expression in tumour samples and survival analysis in patients was examined with Gene Expression Profiling Interactive Analysis 2 (GEPIA2) [37] , using data generated by The Cancer Genome Atlas Research Network https://www.cancer.gov/tcga and The Genotype-Tissue Expression Project.
Cell culture
For RNA analysis of selected lncRNAs, breast cancer cell lines were Cell lines were authenticated using short, tandem repeat (STR) profiling (Eurofins Genomics). Cells were cultured in dishes with the following media requirements. MCF-10A cells were maintained in DMEM/F12 supplemented with 5% horse serum, 10 μg/ml insulin, 20 ng/ml EGF, 100 ng/ml cholera toxin and 0.5 μg/ml hydrocortisone. MCF10DCIS.com were cultured in DMEM/F12 supplemented with 5% horse serum, 1.05 mM calcium chloride and 10 mM HEPES. MCF-7 and MDA-MB-231 cells were cultured in DMEM supplemented with 10% FBS and 1% penicillin/streptomycin. SK-BR3 cells were grown in RPMI +10% FBS +1% penicillin/streptomycin. ZR-75-30 cells were cultured in RPMI supplemented with 10% FBS and 1% penicillin/streptomycin. Cells were maintained at 37°C with 5% CO 2 and were mycoplasmafree.
RNA analysis by qRT-PCR
Total RNA was extracted from cells using TRIzol (Thermo Fisher Scientific). Briefly, 0.2 mL of chloroform was added per 1 ml of TRIzol reagent, samples were homogenized and then left at room temperature for 3 min. The aqueous phase was separated by centrifugation, and RNA was precipitated using isopropanol. After two washes using 75% ethanol, the RNA pellet was airdried, resuspended in water and incubated at 58°C for 10 min.
1 μg of RNA was treated with DNase to eliminate contaminating DNA using TURBO DNase (Invitrogen) then used in a cDNA synthesis reaction using Superscript II (Thermo Fisher Scientific) as per manufacturer instructions. Reactions lacking reverse transcriptase enzyme were also run in the same condition as controls. The cDNA synthesized was diluted 1:5 and used for qRT-PCR. The diluted cDNA was used in qRT-PCR reactions. Briefly, 25 ng cDNA was combined with SYBR Green JumpStart Taq ReadyMix (Sigma-Aldrich) in 20 μl reactions and run using the following conditions: -95°C 10 min -94°C 30 s, 57°C 45 s, 72°C 1 min repeated 39 times -94°C 30 s, 57°C 45 s, 72°C 15 min -Melting curve stage qRT-PCR was performed using the StepOnePlus™ Real-Time PCR System and StepOnePlus software (Applied Biosystems). After analysis of the melting curve, results were normalized to the expression of glyceraldehyde 3-phosphate dehydrogenase, GAPDH, using the ΔΔC T method. Technical duplicates were done for each reaction, and three biologicals replicates were processed. qRT-PCR primers used for each lncRNA are listed below:
Statistics and code availability
Most statistical analyses were performed in R (version 3.5.2). Oneway ANOVA with multiple comparisons was done using GraphPad Prism v.8.3.0. Source codes and scripts are available upon request.
Results
Bioinformatic identification of lncRNA differentially expressed in malignant versus non-malignant breast cancer cell lines
The paper Klijn et al. (2015) described RNA-seq and single nucleotide polymorphism (SNP) array analysis of 675 human cancer cell lines. Using that dataset as a starting point, we focused on the 68 breast cancer cell lines using the metadata file provided by EGA. Next we narrowed this to 17 breast cancer cell lines based on their molecular subtypes, ensuring that we had at least three to four representative lines from each group, i.e. luminal A, luminal B, HER2 positive, basal A and basal B. Our analyses also included a single DCIS cell line (MCF10DCIS.com) and the immortalized, normal-line breast cell line, MCF10A. This resulted in our working RNA-seq dataset from 18 cell lines.
First, we examined the variation of the selected cell lines using the multivariate data analysis method, principal component analysis (PCA). The resulting plot ( Fig. 1A) showed clustering among the luminal A, luminal B and HER2 enriched cell lines with respect to lncRNA expression. Basal B cell lines showed greater variance to other malignant subtypes; while basal A displayed degrees of variance to non-malignant and malignant cell lines. The normal-like line, MCF10A, and the DCIS line, MCF10DCIS.com, clustered closely and showed minimal variance to each other.
We then categorised lncRNAs that were differentially expressed in malignant versus non-malignant cells lines. For this comparison, the DCIS cell line was included in the malignant group. A full list of read counts for lncRNAs from processed RNA-seq data from each cell line is available in Supplemental Table 1 . We proceeded to visualise the distribution of differentially expressed lncRNAs between the malignant versus non-malignant lines using a volcano plot and heatmap ( Fig. 1B and C). A total of ten lncRNAs were determined to be differentially expressed in the malignant cell lines when compared to the normal-like cell line, MCF10A, with five more highly expressed and five more lowly expressed. It was noted that in choosing a cutoff of 10 for the log 2 fold change ( Fig. 1B) there were no downregulated lncRNAs surpassing this limit. However, several highly expressed lncRNAs were identified, including DSCAM-AS1, LOC105372471, LOC105372815, MUC5B-AS1 and ZNF667-AS1.
Bioinformatic identification of lncRNAs differentially expressed in breast cancer cell lines divided by hormone/receptor status
Next we divided the malignant cell lines into groups based on their hormone/receptor sensitivity, namely ER/PR positive, HER2 sensitive and ER/PR/HER2 negative. Our logic in dividing our data into these groups was to fit within the pre-existing paradigms of breast cancer risk stratification and treatment management in the clinical setting [47, 48] . The visualisations of differentially expressed lncRNAs in ER/PR positive, HER2 sensitive and ER/PR/HER2 negative cell lines by volcano plots and heatmaps are shown in Fig. 2 . ER/PR positive cell lines versus the normal-like cell line showed differential expression of 27 lncRNAs in total, with 16 lncRNAs at higher levels and 11 lncRNAs with lower expression. Notably, DSCAM1-AS1 was the most significant upregulated lncRNA; while LOC101927136 was the most significant downregulated lncRNA ( Fig. 2A and B ). Using the same procedure and visualisation methods, we found ten differentially expressed lncRNAs in the HER sensitive group (five over-and under-expressed; Fig. 2C and D); while the ER/PR/HER2 negative group contained 17 differentially expressed lncRNAs (13 over-and four under-expressed; Fig. 2E and F). Interestingly some specific lncRNAs that were differentially expressed emerged, including increased expression of LOC105372815 and reduced expression of LOC101927136 in the hormone receptor/HER2 positive groups, which was not observed in the ER/PR/HER2 negative group.
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Evaluation of breast cancer cell lines by molecular subtypes for lncRNA expression
We then chose to explore the differences among cell lines based on their molecular classifications in more detail. For this purpose, we created a category in the design matrix where again the normal-like breast cell line, MCF10A, was chosen as the basis for comparison. Cell lines based on the molecular groups -DCIS, luminal A, luminal B, HER2 enriched, basal-like type A and basal-like type B -were compared in turn using our DESeq2 data (Supplemental Table 1 ) and visualised by a volcano plots and heatmaps as shown in Fig. 3 (DCIS, luminal A and luminal B) and Fig. 4 (HER2 positive, basal A and basal B). Using a fold change ≥2.0 and p value ≤ 0.01, we compiled lists of the top ten up-and downregulated lncRNAs for each molecular subtype. From those lists, we developed a curated list of lncRNAs that were differentially expressed in at least two molecular subtypes to identify lncRNAs with persistently higher or lower expression (Table 1) . Following an extensive literature review, previous associations with breast and/or any other sites of cancer were also included in Table 1 .
From our curated list of lncRNAs differentially expressed in breast cancer cell lines, we confirmed increased expression of DSCAM-AS1 in multiple breast cancer cell lines. DSCAM-AS1 is regulated by ER and has been previously associated with breast cancer [15, 36, 50, 51] . In a recent study, DSCAM-AS1 was shown to regulated the cell cycle at the G1/S transition, increasing cell proliferation [50] . We also identified several lncRNAs with previous associations to cancer types other than breast, namely LINC00885 and MUC5B-AS1; while CELF2-AS1 has no known cancer association. Most interestingly, we identified a few overexpressed lncRNAs that are uncharacterised, LOC101448202, LOC105372471 and LOC105372815.
Assessment of clinical relevance of lncRNAs in breast cancer using GEPIA2
To examine the clinical significance of identified lncRNAs, we used GEPIA2 [37] to explore data from TCGA and GTEx databases. Using our curated list, five lncRNAs were found to have associations with breast cancer in GEPIA2, including CELF2-AS1, DSCAM-AS1, ELFN1-AS1, LINC00885 and ZNF667-AS1. Breast cancer survival and comparative expression (tumour vs. normal tissue) plots for each lncRNA are shown in Fig. 5 . For CELF2-AS1, the Kaplan-Meier plot indicates higher expression is associated with poorer survival; however, its expression in tumour tissue appears lower ( Fig. 5A and B ). As expected, higher DSCAM-AS1 expression was correlated with poorer patient survival (Fig. 5C) and a corresponding increased expression in tumour versus normal tissue sample ( Fig. 5D ). Following a similar pattern, LINC00885 is associated with slightly poorer survival and higher tumour expression ( Fig. 5G and H) , perhaps indicating an oncogenic role. Lastly, both higher expression of ELFN1-AS1 and ZNF667-AS1 were associated with better patient survival ( Fig. 5E and I) . While the comparative expression of ZNF667-AS1 in tumour is lower (Fig. 5J ), the expression of ELFN1-AS1 in tumour samples does not appear to be lower than normal tissue (Fig. 5F ).
Experimental validation of lncRNA expression by qRT-PCR
In effort to experimentally verify the expression patterns observed from our analysis of the RNA-seq data, we next examined lncRNA expression for six lncRNAs on our curated list (CCAT1, DSCAM Total RNA isolated from cells was used for cDNA synthesis and qRT-PCR with lncRNA specific primers. Relative expression to GAPDH for each lncRNA is shown in Fig. 6 .
Largely in agreement with our bioinformatic analyses, the qRT-PCR experiments validated lncRNA expression in the tested cell lines. Similar to the results from DESeq analysis, we observed that CCAT1 lncRNA was very lowly expressed in most breast cancer cell lines tested, with highest expression in the normal-like line, MCF10A (Fig. 6A ). For DSCAM-AS1, the highest expression was in the luminal A (MCF7), luminal B (ZR-75-30) and HER2 positive (SK-BR-3) lines, with virtually no detection in the basal-like line (Fig. 6B) . This seems contradictory, as DSCAM-AS1 was one of the most significant, highly expressed lncRNAs in the ER/PR/HER2 negative ( Fig. 2E ) and basal A (Fig. 4C) subtypes. Interestingly qRT-PCR analysis of LINC00885 shows lowest expression of this lncRNA in the basal-like line (MDA-MB-231) unlike the other breast cancer cell lines tested (Fig. 6C) , agreeing with our bioinformatic analysis. For LOC105372815 and MUC5B-AS1, each lncRNA was expressed at an increased level in certain cell lines over MCF10A; however, there was consistent low expression for each of these lncRNAs in MCF7 cells ( Fig. 6D and E) . Given that MCF7 cells are a non-invasive breast cancer cell line, it is possible that low expression of these lncRNAs may be indicative of this phenotype, particularly since MUC5B-AS1 has been linked to metastasis in lung cancer [55] . Lastly, ZNF667-AS1 expression for any cell line failed to reach significance over MCF10A (Fig. 6F) , indicating the over-expression observed with our bioinformatic analysis may reflective of cell line-specific effects, i.e. ZNF667-AS1 is more highly expressed in MDA-MB-157 versus MDA-MB-231 ( Fig. 4F) , despite both being classified as basal-like type B.
Discussion
Based on our bioinformatic analysis of a subset of breast cancer cell line RNA-seq data [33] , certain lncRNAs were more persistently upregulated and downregulated (Table 1) , with many of these Non-coding RNA Research 5 (2020) [48] [49] [50] [51] [52] [53] [54] [55] [56] [57] [58] [59] experimentally verified using qRT-PCR (Fig. 6 ). These lncRNAs also correlated with the categorisation of breast cancer cell lines based on hormonal sensitivity (Fig. 2) and/or molecular classification ( Figs. 3  and 4 ). We chose to divide our study samples by hormonal/protein sensitivity and molecular classification, as most clinical treatment options are based on these parameters [47, 48] . Our principal component analysis further supported this division, as clustering was evident based on the cell line subtypes (Fig. 1A) . Interestingly, the basal A and B cell lines displayed the greatest variance in our assessment. This could reflect the observation that all molecular subtypes are observed across triple-negative disease, although the majority fall within the basal-like subtype [81] . Our analyses are based on the Klijn et al., 2015 dataset, where RNAseq data was prepared via the poly-adenylate (poly-A) selection method. The two main approaches in the early stage of an RNA-seq protocol are either poly-A enrichment or selective degradation of ribosomal RNA (rRNA) [82] . The poly-A selection method almost exclusively selects for transcripts with 3' poly-A tails; whereas, the rRNA depletion method is able to capture both poly-A+ and non-adenylated transcripts. It has been suggested that the quality of reads is higher using the poly-A selection method for protein-coding genes, as most mature messenger RNAs (mRNAs) are adenylated; while some lncRNAs, small RNAs and T-cell/B-cell receptor transcripts can only be detected via rRNA depletion [83] . For example, the lncRNA BC200 (brain cytoplasmic 200) has been shown to have strong association with invasive breast cancer [84, 85] , but as an RNA polymerase III transcript [86] , it is not represented in this study. It is our opinion that re-running our pipeline on RNA-seq data prepared using the rRNA depletion method could improve the quality control of our analysis by incorporating nonadenylated transcripts.
Metadata of the Klijn et al., 2015 dataset as provided by the EGA, revealed 68 cancer cell lines which were of breast origin. Unfortunately, we were not able to fully analyse the whole dataset due to heavy computational requirements to carry out this task. Therefore, a selection of cell lines was chosen to represent our chosen subtypes. Unsurprisingly, we had very limited options when it came to cell lines to represent the normal-like and DCIS groups, with our only options MCF10A and MCF10DCIS.com cell lines, respectively. Other breast cancer cell line RNA-seq data exists [31, 35] ; however, unlike the Klijn et al., 2015 paper they do not have a cell line representative of DCIS disease. We also chose not to incorporate RNA-seq data from other sources and instead worked only from a single dataset for consistency. The other aim of keeping our study limited to the Klijn et al., 2015 dataset was to investigate the feasibility of re-analysing a previous dataset as a guide for further research. Ideally, we would have preferred more cell lines to represent the normal-like and in particular DCIS subtypes; however as it stands, there are only a limited number of DCIS cell lines [87] , and they are not usually included in breast cancer cell line panels.
Since DSCAM-AS1 was highly expressed in most of our comparisons as shown in Table 1 , we chose to examine the clinical relevance of the expression of this lncRNA using GEPIA2 [37] . Importantly, our results are in agreement with previous work describing the oncogenic role of this RNA [15] . The Kaplan-Meier survival plot generated via GEPIA2, using data from TCGA, supported our findings regarding DSCAM-AS1 with a lower 10-year survival in breast cancer cases with higher expression of DSCAM-AS1 (Fig. 5C) .
In contrast to other lncRNAs identified, our analysis of lncRNA ZNF667-AS1 did not match with the survival plot generated with GEPIA2. Our bioinformatic analysis showed ZNF667-AS1 to be differentially upregulated in the luminal B and basal-like subtypes. However, the survival analysis indicated that high expression of ZNF667-AS1 was associated with increased survival rates at ten years (Fig. 5I ). Even when we reviewed the survival of ZNF667-AS1 in the luminal B and basal-like subtypes, it showed better long-term survival with higher expression. However, for the initial eight to nine years in this breast cancer subtype, survival was slightly lower with higher expression (data not shown). Previous publications have explored low expression of ZNF667-AS1 in cervical cancer [58] where it was associated with poorer prognosis. Interestingly, another paper investigated ZNF667-AS1's downregulation in 16 cancer cell lines and proposed it played an important role as a tumour suppressor [57] . Unlike the survival curves, the differential expression of ZNF667-AS1 in tumour versus normal tissue presented here does show a lower expression in tumour samples (Fig. 5J) , favouring support of a tumour suppressor role of this lncRNA in breast cancer.
Initially our analysis of the lncRNA ELFN1-AS1 also suggested that our analysis did not match the survival plot generated with GEPIA2. The survival plot showed that higher expression of ELFN1-AS1 was associated with improved survival rates (Fig. 5E ). When we reviewed the survival plot in the basal-like subtype only, survival was slightly improved with lower expression of this lncRNA (data not shown). A [48] [49] [50] [51] [52] [53] [54] [55] [56] [57] [58] [59] previous publication on this lncRNA has shown higher expression in tumour tissue of various histological origin [53] , but breast was not examined.
One of the lncRNAs downregulated in most of our breast cancer cell line subtypes was CCAT1 (Table 1 and Fig. 6A ). CCAT1, colon cancer-associated transcript-1 (also CASC19, cancer susceptibility 19, CARLo-6 and LINC01245), was first reported to be highly expressed in colon cancer [62] and is present in a frequently amplified genomic region in colorectal cancer [88] . Other studies have linked elevated CCAT1 to other cancers including acute myeloid leukaemia [71] , gallbladder [65] , liver [89] and squamous cell carcinoma [68] . In 2015, Zhang et al. showed that higher CCAT1 expression was associated with aggressive disease progression and poor prognosis of breast cancer patients [14] . In a more recent study by Han et al. (2019) , the authors reported increased expression of CCAT1 from triple-negative breast cancer tissues and cell lines, i.e. MDA-MB-231 cells [69] ; however, this observation is not in agreement with our analysis of CCAT1 in breast cancer cell lines, in which lower expression was observed in the RNAseq data and by qRT-PCR. It is unclear why our results are not in agreement, unless we have detected a different transcript variant. Since the specific CCAT1 qRT-PCR primer sequences used by Han et al. are not published, we were unable to compare this directly.
Among our most interesting findings, we uncovered several lncRNAs previously associated with other cancer types, and not breast cancer, as well as several uncharacterised lncRNAs. Of these, the lncRNA MUC5B-AS1 has been associated with promoting metastasis in lung cancer [55] ; however, there are currently no studies linking MUC5B-AS1 to breast cancer. Given the very high expression of MUC5B-AS1 that we observed across multiple cell lines by qRT-PCR ( Fig. 6E) , this lncRNA will be of future interest. Similar to MUC5B-AS1, LINC00885 has been associated with bladder cancer, and not breast [54] . Given our consistent results across bioinformatic, GEPIA2 and qRT-PCR analyses (Figs. 3 and 5G and H and Fig. 6C ), we propose that LINC00885 may have an oncogenic role; however, further research is necessary to assess LINC00885's biological role in the cell. Future work will also be required to elucidate the functions of currently uncharacterised lncRNAs identified in our study. This includes a very prominent lncRNA in our analysis, LOC105372815, along with LOC101448202 and LOC105372815, all of which are uncharacterised.
In conclusion, our study has successfully shown that an existing RNA-seq dataset can be re-analysed to provide further avenues of research. Although the scope of this work was focused on breast cancer, the methods used could easily be applied to other sites of primary tumours. There does indeed appear to be a strong argument for a correlation between the differential expression of lncRNAs and their hypothesised biological roles in oncogenesis and tumour progression, paving the way for lncRNAs to be used a disease biomarkers and/or therapeutic targets [17] . A recent publication by Ghandi et al. (2019) , involving a re-examination of cancer cell line data provided by CCLE [90] , further demonstrates that re-analysis of existing data is a powerful approach to gain new insights into cancer biology. based upon data generated by the TCGA Research Network. The Genotype-Tissue Expression (GTEx) Project was supported by the Common Fund of the Office of the Director of the National Institutes of Health, and by NCI, NHGRI, NHLBI, NIDA, NIMH, and NINDS. The data from TCGA and GTEx used for the analyses described in this manuscript were obtained from the GEPIA2 portal.
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